Abstract Phenotype-environment associations (PEAs) describe relationships between the mean phenotypes of a set of populations and the environmental values of the areas in which they inhabit. We show how these PEAs can be used to determine the ability of populations to adapt to future environmental changes, using relationships between fish body shape and stream flow rates as an example. First, we establish that fish in high-flow habitats have more streamlined body shapes than those in low-flow habitats. Then, using future estimates of flow rates obtained from landscape hydrologic models, we predict body shapes of stream fish in the year 2055. Lastly, we use simulations based on a quantitative population genetics model to determine each fish population's ability to alter its phenotype to the predicted body shape in 2055. While some fish populations were predicted to be able to reach the predicted body shape, others were identified as vulnerable to changing flow rates and may need human assistance to persist into the mid-century. The simulations introduced here combine correlative and mechanistic methods to predict future adaptation to environmental change and are applicable to a wide range of taxa.
Introduction
Predicted changes in climate are expected to significantly impact the distribution and persistence of biodiversity (Walther et al. 2002; Parmesan 2006) . In order to avoid population declines and local extirpation, species must respond to these environmental changes via dispersal to geographic areas containing suitable environmental conditions, or local adaptation through natural selection, or plasticity to match the expected optimal phenotype in the new environment (Davis et al. 2005; Gienapp et al. 2008; Visser 2008) . While much research has focused on the ability of species to disperse to new habitats (e.g., Peterson et al. 2002; Thomas et al. 2004; Wenger et al. 2011) , fewer efforts have focused on a species' adaptive ability (but see Etterson and Shaw 2001; Kuparinen et al. 2010; Sinervo et al. 2010; Hoffmann and Sgrò 2011) . This shortage of studies is unfortunate as adaptation represents the most probable avenue for many species to avoid local extirpation, particularly those that encounter barriers to dispersal or are dispersal limited. With recent advances in models of population genetics, especially those that incorporate aspects of environmental change (e.g., Lande 2009; , the ability to model a species' phenotypic response to future environmental change should be achievable.
Predicting the future dispersal of species typically involves a species distribution model (SDM) in which species' occurrences are correlated to certain environmental variables (Mackenzie et al. 2006; Franklin 2009; Elith et al. 2011 ). Future environmental data can then be used to predict suitable geographic areas to which the species could disperse. To model the future adaptation of species, we extend this framework by introducing the phenotype distribution model (PDM), which uses associations between phenotypes and environmental variables to map the phenotypes of populations within that species' distribution. These associations, often termed phenotype-environment associations (PEAs; Langerhans et al. 2007; Michel 2011) , are common among natural populations and have been documented extensively (e.g., Bergmann 1847; Clausen et al. 1940; Mayr 1942; Cain and Sheppard 1954; Cody and Mooney 1978; Phillimore et al. 2010) . Using a PDM, future environmental data can then predict the expected mean phenotype each population must attain. If the observed PEA is the result of strong selection and adaptive plasticity (i.e., de Jong 2005; Blanquart et al. 2012) , then the projected mean phenotype likely represents the adaptive or optimum phenotype, with the expectation that failure to reach this phenotype would result in a reduction in population growth (Lynch and Lande 1993; .
A successful dispersal depends on many factors including the dispersal ability of the species, the effectiveness of dispersal barriers, and the reproductive success of dispersers (Bowler and Benton 2005) . Thus, predictions from SDMs are often combined with simulations to generate likelihoods of dispersal (e.g., Keith et al. 2008; Engler and Guisan 2009; Franklin 2010) . Likewise, successful adaptation of populations also depends on many factors including the amount of genetic and phenotypic variation, the strength of natural selection, the magnitude of plasticity, and the degree of autocorrelation in the environment (e.g., Lynch and Lande 1993; Gomulkiewicz and Holt 1995; Michel et al. 2014 ; reviewed by Gienapp et al. 2008; Hendry et al. 2008; Shaw and Etterson 2012) . Thus, in a similar manner to SDMs, predictions from PDMs can be combined with simulation models to predict the likelihood that populations would be able to reach the expected future phenotype.
We illustrate this approach to predict the adaptability of populations to future climate change using the relationship between flow rate of streams and body morphology of two species of stream fish (Blackside Darter, Percina maculata, Percidae; and Stonecat, Noturus flavus, Ictaluridae). Flow rate is one of three environmental factors, along with predators and structural complexity, thought to promote the phenotypic diversification of many fish fauna (Langerhans and Reznick 2009 ). Biomechanical models indicate that fish inhabiting high-flow local environments should have a more streamlined body plan-a deep, wide anterior coupled with a shallow, narrow posterior-to enhance swimming efficiency (Blake 1983; Webb 1984; Langerhans 2008 ). Previous field and laboratory studies support these predictions (Keeley et al. 2005; Kerfoot Jr and Schaefer 2006) . Conversely, fish inhabiting low-flow environments should have posteriorly deep bodies, which improves acceleration and maneuverability (Langerhans 2008) . This prediction is supported by the adaptation of Cyprinella fish populations from streamlined to deep-bodied after stream impoundment (Franssen 2011) . Flow rates in lotic systems are also expected to change within this century in response to changes in climate (Poff et al. 2002; Dudgeon et al. 2006; Chien et al. 2013) . Finally, Percids and Ictalurids are thought to experience dispersal limitation due to the dendritic nature of stream networks (Hitt and Angermeier 2008) .
Here, we use PEAs between fish body shape and hydrology for P. maculata and N. flavus to generate PDMs for these species in watersheds across the Midwestern USA. We then use flow predictions generated from distributed landscape-scale hydrologic models (Chien et al. 2013) to determine future phenotypes in the year 2055 under a range of climate change scenarios. Finally, we use simulations based on models of linear reaction norms to assess the likelihood that fish populations are able to successfully adapt phenotypically to future changes in hydrology.
Materials and methods

Study specimens and morphological analyses
Specimens of P. maculata and N. flavus collected within our study area (see Online Resource 1) were obtained from the collections of the Illinois Natural History Survey (INHS) and the Liquid Vertebrates Museum at Southern Illinois University at Carbondale (SIUC; see Online Resource 2 for accession numbers and sample sizes). We define a population to be all individuals collected at the same time from the same location (i.e., a watershed delineated by the landscape hydrologic models, see below).
The left lateral view was photographed for each individual. Dorsal images were taken of N. flavus in order to capture this species' more complex shape. Fish shape was quantified using geometric morphometrics (Rohlf and Marcus 1993) . We used thin-plate spline software 1 to plot landmarks (tpsDig2 version 2.12) and perform relative warp analyses (tpsRelw version 1.46). Landmarks were placed at predetermined points (Williams et al. 2007 ) that describe the entire lateral component of body shape, as well as the dorsal component for N. flavus (see Online Resource 3). Individuals unsuitable for landmarking (i.e., bent specimen or distorted image) were discarded. The landmark coordinate data were loaded into tpsRelw to perform a relative warp analysis at a neutral scale factor (α = 0). For each individual, landmarks are scaled to unit centroid size, a proxy for body size. Scaled landmarks are superimposed to a consensus configuration and rotated to optimal fit. Deviations from the consensus configuration are then projected to linear tangent space to derive measures of shape in the form of relative warps (Rohlf and Slice 1990) . Relative warp analysis can be viewed as a principal component analysis of shape where RW scores are similar to principal component scores (Rohlf 2007) . For each species, we saved the first two relative warps for analysis. Relative warp 1 explained 37.4% of variation in body shape for P. maculata, 39.8% for N. flavus (lateral view), and 38.2% for N. flavus (dorsal view), while RW2 explained 19.8% of variation for P. maculata, 18.8% for N. flavus (lateral), and 30.5% for N. flavus (dorsal). Each species shape dataset was analyzed independently.
Estimation of current and future flow
Flow rates were estimated using one of two methods. For populations within the Illinois, Kaskaskia, Wabash, or Rock River drainage basins, we obtained flow rates (as m 3 s −1 ) from landscape hydrologic models generated for these basins (Chien et al. 2013 ). These models provide estimates of monthly flow from 1950 to 2000 at the watershed-scale (i.e., gray-shaded polygons in Online Resource 1). For populations outside these basins, we obtained flow rates from stream gages operated by the National Water Information System 2 that were within 500 m of the specimen collection localities. For each method, we calculated the maximum flow rate of the 12 months before the collection date of the specimen.
Statistical analyses and generation of current PDM and future phenotypes
To test the effects of flow on fish morphology, we constructed separate mixed models with each RW score as a dependent variable, centroid size and flow rate as fixed effects, and population as a random effect. These models were built for each species (and lateral and dorsal view for N. flavus). For the N. flavus dataset, flow rate was logtransformed to attain model assumptions. Because of multiple tests, we evaluated P values at a Bonferroni-corrected alpha of 0.05/2 = 0.025, where 2 is the total number of models run for each species (i.e., 2 RWs).
Models that were statistically significant were then used to generate the current and future (i.e., in the year 2055) phenotypes for P. maculata and N. flavus for the geographic extent covered by the hydrologic models of Chien et al. (2013) . We generated predicted phenotypes (i.e., RW1 or RW2, depending on which model showed significance) on a sub-basin scale, and only for the sub-basins in which the species were found, according to occurrence records from the INHS and the Illinois Department of Natural Resources. For the current and future phenotypes, the maximum monthly flow rate of 2009 and 2051-2060, respectively, was entered into the mixed models described above to generate the predicted phenotypes. While the models of Chien et al. (2013) do not explicitly model storm events, they do model projected changes in precipitation. All statistical analyses were performed in R (R Core Team 2013) using the nlme package (Pinheiro et al. 2016 ).
Simulating the ability of populations to reach future phenotype
We developed simulations based from a model of linear reaction norms presented by Lande (2009) . We assume that both species have a generation time of 1 year. A population's mean body shape (i.e., RW1 and/or RW2) at generation g, z g , is modeled as: a g þ b g ε g−τ , where ā is the mean reaction norm elevation, b is the mean reaction norm slope (i.e., phenotypic plasticity), and ε g − τ is the flow rate during a time period (expressed as a fraction, τ, of a generation) within which individuals exhibit plastic changes to body shape. Then, each population experiences a period of flow, ε g , during which stabilizing selection acts on the mean body shape according to the equation:
where β is the selection gradient, γ is the strength of directional selection with larger values indicating stronger selection, and θ g is the optimum body shape that varies with ε g with a constant slope B: θ g = Bε g . Changes to ā and b are given by the equation: Δ a ð bÞ ¼ Gβ where G is the genetic variance-covariance matrix, G a G ab ð G ab G b Þ. Changes to body shape proceed across generations according to the values of flow rate during the developmental period (ε g − τ ) and then the period affecting selection on body shape in each subsequent generation (ε g ). Because future flow data are only available for the years 2051-2060, we simulated the flow rates of the intervening years using an autoregressive process:
with Z t defined as a random deviate drawn from a normal distribution with var(Z) = σ ε 2 , ρ ε the level of temporal autocorrelation of flow rate, and t equal to the number of generations multiplied by 1/τ. Every 1/τ th value was chosen as ε g and every (1/τ − 1) th value was chosen as ε g − τ . We set τ = 1/3, to reflect the development of fish approximately occurring during 5th through 8th months of a year, and the selection environment of a fish approximately occurring during the 9th through 12th months of a year (i.e., after a plastic response to flow has occurred). For each sub-basin, the historical level of temporal autocorrelation and variance in maximum flow obtained for the years 1950 to 2009 (data from Chien et al. 2013) were used for ρ ε and σ ε 2 , respectively. Simulations were run from 2010 to 2055 (i.e., 45 generations), and for 1000 iterations. At the 45th generation, the final phenotype was saved. More information regarding the simulations and parameter values is given in Online Resource 4.
Results
Establishment of PEA between body shape and flow
Relative warp 1 for P. maculata and the lateral view of N. flavus was significantly correlated with estimates of maximum flow rate of the sub-basin in which the population was located (mean slope ± 1 SE of mixed-effects model: P. maculata lateral view: 0.87 ± 0.27; N. flavus lateral view: −35.3 ± 6.09; estimates given as × 10 −3 ; see Fig. 1a, b and Online Resource 5), whereas relative warp 2 for the dorsal view of N. flavus was significantly correlated with flow (mean slope ± 1 SE of mixed-effects model: 33.1 ± 7.14; estimates given as ×10 −3 ; see Fig. 1c and Online Resource 5). P. maculata populations from sub-basins with high flow rates contained individuals with deep anteriors and ventrally angled heads while those from sub-basins with low flow rates contained individuals with deep posteriors and less ventrally angled heads (Fig. 1) . Individuals from N. flavus populations from high-flow sub-basins had deep bodies and ventrally angled and wide heads, while individuals from high-flow sub-basins had shallow bodies and dorsally-angled and narrow heads (Fig. 1 ).
Current and future phenotype distribution models
Using the three significant PEAs described above (RW1 and max flow in the past 12 months for P. maculata and the lateral view of N. flavus, and RW2 and max flow in the past 12 months for the dorsal view of N. flavus), we generated three phenotype distribution maps showing estimates of body shape in the year 2009 for all sub-basin level populations in Illinois (Fig. 2a, d, g ). In general, these maps predict individuals in western Illinois sub-basins to have body shapes characteristic of low-flow streams and individuals in eastern Illinois sub-basins to have body shapes characteristic of high-flow streams.
To predict body shapes of populations in the year 2055, we used flow data from Chien et al. (2013) , who used future climate data from nine global circulation models and three carbon-emission scenarios (with one model having only two scenarios) to obtain estimates of flow rate from the years 2051 to 2060 for each sub-basin. Rather than analyze all 26 scenarios, we focused on the extremes: (1) the lowest-flow scenario, in which drastic increases in temperature resulted in the greatest reduction in flow-rates across the entire watershed; and (2) the highest-flow scenario, in which mild increases in temperature resulted in the least amount of reduction (or, in some cases, the greatest increase) in flow rates (see Online Resource 6 for maps depicting flow estimates for each sub-basin). Because Chien et al. (2013) found that, in general, future climate change will reduce overall flow rates for most sub-basins and most climate change scenarios, our PDMs predict that fish body shapes in the year 2055 should become Fig. 1 Phenotype-environment relationship between discharge and a relative warp 1 (mean ± 1 SE for each population) of Percina maculata, b relative warp 1 (mean ± 1 SE for each population) of the lateral view of Noturus flavus, and c relative warp 2 (mean ± 1 SE for each population) of the dorsal view of Noturus flavus. Gray dotted line is a trendline fitted to mean relative warp scores and discharge. Numbers next to points reference the population (see Online Resource 1 and 2). Note the logarithmic x-axis for b and c. Representative body shapes of Percina maculata (lateral view only) and Noturus flavus (lateral and dorsal views) from high-flow and low-flow sub-basins are given below each corresponding figure. Grids show visualizations of body shape from geometric morphometrics and points show landmarks used to characterize body shape. Artist renderings of fish are superimposed on grids less-streamlined (Fig 2b, c, e, f, h, i) . This prediction generally holds even if the highest-flow scenario is used in generating the PDM (Fig. 2c, f, i) . Each polygon represents one sub-basin identified by landscape hydrologic models (gray-shaded polygons indicate that species is not present there according to records from the Illinois Natural History Museum and the Illinois Department of Natural Resources). Color-shading of polygons (same scheme used for each row) indicate predicted body-shape (as quantified by relative warp scores) of fish: green = low-flow body shape, blue = high-flow body shape
Ability of populations to adapt to future changes in hydrology
The ability of any population to track changes in flow depended on the strength of selection the population experiences, the amount of genetic variance, and the magnitude of plasticity that individuals in the population exhibit (see Fig. 3 for example results for one population). For the population represented in Fig. 3 , some combination of stabilizing selection and plasticity is required for the population to reach its future, expected phenotype. This population is not expected to reach its 2055 phenotype through only the effects of plasticity (i.e., at relative plasticity = 1, and selection strength = 0), nor through only the effects of selection (i.e., at relative plasticity = 0, and selection strength = 0.06); although the population is expected to be closer to its future phenotype in the latter scenario.
Distance to future phenotypes across all populations
Because we lacked population-level data on selection strength and magnitude of plasticity, we conducted simulations for each population assuming medium levels of these parameters (i.e., relative plasticity = 0.5, selection strength = 0.03). From these simulations, we mapped the difference between the final simulated phenotype and the expected adaptive phenotype (expressed as percent of one phenotypic standard deviation, PSD; Fig. 4) .
For P. maculata, populations are expected to be, on average, 14.0% of one phenotypic standard deviation (PSD) distant from the future expected body shape under the lowest-flow scenario, and 11.0% of one PSD distant for the highest-flow scenario. The maximum predicted Fig. 3 Final simulated body shapes for the Wabash_605 sub-basin population of Percina maculata under different combinations of selection strength and relative plasticity for a climate change scenario in which flow rate is expected to be reduced the most (low-flow scenario) and b climate change scenario in which flow rate is expected to be reduced the least (high-flow scenario). Black contour lines indicate the median future phenotype (as a RW score) from 1000 simulation iterations. Warm colors indicate body shapes more distant to final, expected body shape (indicated by white contour line). For reference, the range of selection strength values simulated represent the range of values observed in laboratory experiments, and relative plasticity ranges from 0 (i.e., absence of plasticity) to 1 (i.e., magnitude of plasticity equals the slope of the phenotype-environment association between body shape and flow) distance to the expected body shape is 55.6% of one PSD for the lowest-flow scenario, and 49.2% of one PSD for the highest-flow scenario.
For N. flavus, we predict that this species is more likely to reach the future expected dorsal body shape than the expected lateral body shape. For the lowest-flow (highest-flow) scenario, N. flavus populations are expected to be, on average, 20.9% (15.8%) of one PSD distant from their expected lateral body shape and 19.9% (15.0%) of one PSD distant from the expected Warmer colors indicate populations whose phenotype is expected to be farther away from the expected, adaptive phenotype dorsal body shape. The maximum predicted distance to the expected lateral body shape is 47.6% (55.7%) for the lowest-flow (highest-flow) scenario, and the maximum predicted distance to the expected dorsal body shape is 45.2% (52.3%) for the lowest-flow (highestflow) scenario.
Discussion
We find that the body shape of two species of dispersal-limited stream fish are highly correlated with the maximum flow rate of the sub-basin in which they were collected. We use this relationship and future estimates of flow to generate current and future phenotypes for the body shape of these species. Due to a reduction in overall flow rates, we predict that most populations should attain a body shape observed among low-flow sub-basins. Using simulations based on quantitative genetic models, we are able to identify the populations of P. maculata and N. flavus that may not be able to adequately adapt to future changes in flow caused by global climate change.
The relationship between body shape and flow rate observed here is likely adaptive. Inhabiting high-flow environments requires a body shape that minimizes drag, such as a deep, wide anterior coupled with a shallow, narrow posterior (Langerhans 2008) . These patterns were observed for both species. For P. maculata, the deepest portion of the body is closer to the head for individuals collected in high-flow environments than those collected among low flow, and for N. flavus, specimens from high-flow environments had deeper and wider anterior body shapes (Fig. 1) . In addition, individuals of both species collected in high-flow environments had ventrally angled heads. In response to high flow, many fish species inhabit deeper portions of the water column to avoid faster surface flows and find refuge from current among substrate (Pert and Erman 1994; Valentin et al. 1994) . Fish species with such benthic lifestyles often have specialized morphology such as subterminal mouths (Gatz Jr 1979; Langerhans et al. 2003) . Thus, the changes to a more benthic head position observed in this study may be an adaptive morphological response to a behavioral habitat shift induced by high-flow environments.
Because hydrologic models predict that sub-basin level flow rates in the study area are likely to decrease in the future due to global climate change (Chien et al. 2013) , body shapes of these two fish species should approach those of specimens collected in low-flow habitats. Failure to track this changing optimum phenotype will likely result in decreases in populationmean fitness and, consequently, growth rates, as predicted by theoretical models Lynch and Lande 1993) . For example, individuals with a streamlined body shape would suffer from reduced acceleration and maneuverability that is important in low-flow environments (Langerhans 2008 ). Since we assume that flow rate is the only determinant of body shape in our model, sub-basins that are predicted to experience the greatest reduction in flow (see Online Resource 6) are also predicted to require the greatest changes to body shape (Fig. 2) . Failure to adapt to changing hydrology, however, will not only depend on the amount of future reduction in flow but also other environmental and population-level parameters, such as the degree of temporal autocorrelation and variance in flow, genetic variance and magnitude of plasticity of the population, and the strength of selection on body shape. Our simulations incorporated the effects of autocorrelation and variance at the sub-basin level (assuming that the values of these parameters do not also change in the future). While we do not have adequate data on population-level parameters, these values can be acquired, perhaps with a focus on collecting data for those populations that are predicted to have difficulties in tracking future environmental change (i.e., orange and red colored sub-basins in Fig. 4 ). Thus, with adequate data, the method we introduce here should be able to produce predictions on the adaptive ability of species at the population-level, and, subsequently provide better focus for the limited amounts of available conservation resources.
Previous models have used phenotype-environment associations to predict the adaptive ability of populations to respond to global climate change, but have assumed that the environment will change at a constant rate instead of fluctuate toward some forecasted state (Kuparinen et al. 2010; Sinervo et al. 2010) . Including fluctuations in predictive models (i.e., degree of temporal autocorrelation and variance) is important because (1) they are more realistic, and (2) they affect the ability of populations to adapt to environmental change through phenotypic plasticity and natural selection (e.g., Bürger and Krall 2004; Hellmann and Pineda-Krch 2007; Chevin 2013) . Generally, populations have more difficulty in tracking highly fluctuating environments; thus, predictive models that do not incorporate fluctuations will produce conservative estimates of extinction risk. We assumed that future levels of fluctuations in flow will remain similar to historical levels, but recent research suggests these levels have changed over this past century (García-Carreras and Reuman 2011).
Recent theoretical studies have examined the relative roles of selection and phenotypic plasticity in determining the ability of a population to adapt to environmental change (reviewed by Gienapp et al. 2008; Hendry et al. 2008) . The simulation results for the WAB_605 sub-basin (Fig. 3) suggest that, when selection strength is weak, plasticity has little to no effect, and is mostly detrimental for the highest-flow scenario (Fig. 3b) . Plasticity can become maladaptive when the relative plasticity is greater than twice the reliability of the environmental cue that induces plasticity ). For an autoregressive process similar to the one used in our simulations, the reliability of the environmental cue is proportional to the level of temporal autocorrelation, which, for flow rate, averaged 0.11 for our study area (the level of autocorrelation for WAB_605 over 35 years was 0.10). Thus, the low degree of predictability of the environment of selection from that of development contributed to the small, and sometimes negative, effects of plasticity. While we do not have estimates of plasticity for our studied populations, previous studies (e.g., Franssen et al. 2013, and see Langerhans 2008) have demonstrated that both plasticity and genetic variation have almost equal importance on fish body shape in response to flow. These results underscore the importance of increasing model complexity and including stochastic dynamics to predictive models. It should also be noted that heritability was set to 0.50 in our simulations. This high estimate of heritability likely also contributed to the stronger influence of selection compared to plasticity. While our heritability estimate was similar to those of other morphological traits (Mousseau and Roff 1987) , future studies using other traits and possibly lower heritabilities might find a stronger role for plasticity.
Similar to species' distributions (Wiens et al. 2009 ), the generation and forecasting of phenotype distributions involves certain assumptions. Importantly, it is assumed that observed PEAs represent how the optimum phenotype changes with the environment. A recent theoretical model (Michel et al. 2014) showed how certain factors such as evolving plasticity or temporal autocorrelation in environmental variables can distance an observed PEA from the optimum PEA, but also showed how an optimum PEA can be approximated from observed PEAs. The correlation between a phenotype and the environment could also be spurious, or the phenotype in question could be correlated with another, unmeasured phenotype that is actually affected by the environment (e.g., Etterson and Shaw 2001) . Thus, PEAs should be combined with laboratory experiments and field studies (e.g., Phillimore et al. 2010 ) that demonstrate the adaptiveness of the particular phenotype. The phenotype could also be affected by multiple environments, which is often the case for continuous phenotypes. However, multiple environmental variables can be included in predictive models, much like for SDMs. In forecasting phenotype distributions, we assume that PEAs remain linear in future environments that were outside the initial range included in constructing the PEA. Caution must be taken in these situations, as most phenotypes have physiological limits to their expression. Finally, we assume that individuals must respond to environmental change through changes to the modeled phenotype. In other words, they cannot find an alternative pathway toward adaptation through changes in another, unmodeled trait. Individuals within populations have been known to respond to environmental change in different ways (e.g., Iriarte-Diaz et al. 2012) , and stream fish in particular can respond to flow variability with behavioral changes (e.g., Carlson and Lauder 2010) . If several PEAs are known for a species, then multivariate PDMs and quantitative genetic models (e.g., Chevin 2013) may be used; however, these models come with their own assumptions (e.g., phenotypic correlations remain constant in the face of environmental change).
